Abstract-Biomechanical models that describe soft tissue deformation provide a relatively inexpensive way to correct registration errors in image-guided neurosurgical systems caused by nonrigid brain shift. Quantifying the factors that cause this deformation to sufficient precision is a challenging task. To circumvent this difficulty, atlas-based methods have been developed recently that allow for uncertainty, yet still capture the first-order effects associated with deformation. The inverse solution is driven by sparse intraoperative surface measurements, which could bias the reconstruction and affect the subsurface accuracy of the model prediction. Studies using intraoperative MR have shown that the deformation in the midline, tentorium, and contralateral hemisphere is relatively small. The dural septa act as rigid membranes supporting the brain parenchyma and compartmentalizing the brain. Accounting for these structures in models may be an important key to improving subsurface shift accuracy. A novel method to segment the tentorium cerebelli will be described, along with the procedure for modeling the dural septa. Results in seven clinical cases show a qualitative improvement in subsurface shift accuracy making the predicted deformation more congruous with previous observations in the literature. The results also suggest a considerably more important role for hyperosmotic drug modeling for the intraoperative shift correction environment.
cerebrovascular disorders. The fidelity of image to physical space registration is central to image-guided neuronavigation and is known to be compromised by the phenomenon of brain shift, deformation of brain tissue caused by gravity, edema, hyperosmotic drugs administered prior to surgery, and tissue resection. Systematic studies to characterize this deformation have been performed with the aid of intraoperative digitization and have found that the range of deformation for brain tissue could vary from 1 to 2.5 cm from their preoperative state during surgery [1] , [2] . A trained neurosurgeon is aware of the misalignment between the surgical field and the preoperative image and compensates for it to some extent [3] but guidance systems capable of compensation would be very desirable.
Extensive work has been reported in the literature to compensate for brain shift. One strategy is to use intraoperative imaging techniques such as CT [4] , MRI [1] , and ultrasound [5] . Although intraoperative imaging captures a great deal of anatomical shift, the wealth of preoperative data cannot be updated during surgery. As a result, the brain shift literature has also demonstrated a need for preoperative to intraoperative data registration via computational approaches. Hata et al. used nonrigid registration between preoperative and intraoperative MR images with a mutual information metric [6] . Biomechanical models using discretized methods (such as finite-element techniques) have been explored by many groups for this problem. Hagemann et al. performed a 2-D analysis using a linear elastic model driven by surface displacements computed using active contours method [7] . Ferrant et al. followed a similar approach and extracted the surface of the cortex and ventricles for the preoperative and intraoperative MR images and used an iterative shape matching algorithm to compute the surface displacements [8] . Wittek et al. obtained displacement information from intraoperative MR data and obtained volumetric displacement by applying a nonlinear model [9] . Clatz et al. used a block matching algorithm instead of surface information to drive their computer-model-based approach [10] . It should be noted that all of the aforementioned methods require an intraoperative MR scan, and while all are important contributions, those devices are not widely available due to high cost of operation, a cost that could represent monetary, radiation exposure (in the case of CT), and/or cumbersomeness.
A more cost-effective alternative to volumetric intraoperative images is to use sparse data, which do not require the installation of expensive tomographic devices in the operating room (OR). Stereoscopic cameras and laser range scanners (LRS) are two devices in this category and have been used extensively to capture cortical surface data. The former involves a pair of charge-couple device (CCD) cameras attached to the stereoscopic microscope. Triangulation is used between corresponding homologous points to estimate the surface coordinates. The latter method involves a laser source and CCD camera. It works by propagation of a laser onto the brain surface and with its acquisition via CCD, followed by the triangulation of the range of the surfaces. The method further involves the systematic translation of the laser light and a complete surface description of the object of interest can be constructed. With respect to the stereo method, Skrinjar et al. and Sun et al. have used this technique to compute and compensate for intraoperative brain shift [11] , [12] . With the LRS method, there have been several investigations involving the evaluation of rigid registration [13] [14] [15] and the measurement of nonrigid brain shift [16] , [17] .
While methods to measure the cortical surface are improving, having accurate updated subsurface information to delineate the remainder of tumor margin prior to, during, and after a resection would dramatically improve the utility of image-guided surgery systems. Interestingly, for the same reasons that make biomechanical models a compelling methodology with intraoperative MR data, they are a promising avenue to pursue for an intraoperative updating strategy using sparse data. In the past decade, the growth in this literature and approach has been quite significant. Sun et al. used a stereoscopic microscope to estimate the 3-D cortical surface and registered it to the preoperative image for guidance in the OR [12] . Paul et al. used automatic landmark extraction for registering the stereoscopically reconstructed surfaces and computing the nonrigid displacements [18] . Dumpuri et al. used a statistical model driven by sparse laser range scan data to correct for brain shift [19] .
While many approaches are being pursued, the study reflected in this paper uses the approach described by Dumpuri et al. [19] . In this approach, an atlas of solutions that accounts for shift caused by gravity, edema, and mannitol with different head orientations and capillary permeabilities is computed. As a general characterization, the inverse solution is reconstructed by minimizing the least-squared error between the solutions and the measurements made with sparse data. This method has been validated thus far using preoperative and immediate-postoperative MR data and the predictions were found to account for 85% of subsurface shift using surface data only (similar accuracies have been found for subsurface predictions) [20] .
While this work was quite compelling, it still does not represent an assessment of the technique during the intraoperative state. In this study, a modified approach to the atlas correction is investigated within the context of true intraoperative shift correction. Results are reported that reflect the difference in the magnitude of deformation occurring intraoperatively as opposed to the pre-and postoperative measurements used in the Dumpuri et al. study. While intraoperative MR imaging capabilities are not available at our institution, valuable insight into the degradation of an intraoperative updating process can be observed when compared to the findings of Dumpuri et al. Another important contribution of this paper is studying the sensitivity of brain shift compensation to models that include the dural septa. Briefly, the dura, the outermost meningeal layer, reflects inward in four places in the brain forming the falx cerebri, tentorium cerebelli, falx cerebelli, and diaphragma sellae. These strong structures support the brain parenchyma, preventing large deformation in the contralateral hemisphere, hindbrain, and midbrain. Our hypothesis is that with sufficient understanding of the first-order deformation effects in the brain, surface shift measurements in the craniotomy region are sufficient to compensate for volumetric shift. In this paper, it is suggested that the dural septa are crucial components for accurately predicting subsurface shift. To lend rationale, Ferrant et al. found that the greatest subsurface error in their model lied at the midsagittal plane, the location of the rigid membrane, falx cerebri [8] . In their approach to correction, a homogeneous elastic model was used with no accounting of dural septa. Similar reports using intraoperative MR have also shown that relatively little deformation is observed in the regions around the midline, tentorium, and contralateral hemisphere [21] . In previous work by Miga et al. [22] , the modeling of the falx cerebri was described and utilized in [19] , [20] , and [23] . However, no systematic study has been reported that demonstrates the influence of these septa on the performance of intraoperative shift compensation. The goal of this study is to systematically study the effect of the dural septa on subsurface brain shift and assess the need to model these structures within the context of acquired intraoperative shift data in seven cases.
II. METHODS

A. Data Acquisition
Preoperative MR tomograms were acquired for seven patients using a 1.5-T clinical scanner a day prior to undergoing tumor surgery. The acquired images were T1 weighted and gadolinium enhanced with voxel size of 1 mm × 1 mm × 1.2 mm. Demographic and other intraoperative information is compiled in Table I . Patient consent was obtained prior to surgery for this Vanderbilt Institutional Review Board approved procedure. After the craniotomy, an optically tracked commercial LRS device (RealScan3D USB, 3D Digital Corporation, Bethel, CT) was used to obtain cortical surface scans immediately after the opening of the dura and after tumor resection.
The scanning device shown in Fig. 1 records the cortical surface shape and color texture of the surface that facilitates the intraoperative measurement of brain shift. This has been reported extensively in [15] and [16] .
B. Mesh Construction
Patient-specific meshes were created individually from MR images of the patient. Brain and tumor surfaces were manually segmented and subsequently processed using the marching cube algorithm [24] with a Laplacian smoothing function [25] . Once the surfaces were extracted, a tetrahedral mesh was created [26] that typically consisted of approximately 20 000 nodes and 100 000 tetrahedral elements. An image-to-grid intensity threshold method was then used to classify the brain parenchyma elements into gray and white matter [27] .
Falx cerebri and tentorium cerebelli are the two important substructures of the dural septa and different segmentation techniques were used for each of them. The falx was segmented manually and meshed in a manner similar to that described in Miga et al. [22] . Briefly, using the sagittal view of the patient's image volume, a patient-specific plane is created. This plane is then used to split the tetrahedral domain and then boundary conditions consistent with the constraint of the falx are applied (discussed in greater detail in Section II-C). This procedure is shown in Fig. 2 . With respect to the tentorium region, the invagination encloses the straight sinus which is visualized as a high-intensity region in the gadolinium enhanced images. In this region, a limited series of points were selected and a 3-D thin plate spline algorithm was used to morph a plane into a tentorium surface, which was then smoothed. The tentorium cerebelli in the contralateral hemisphere was segmented similarly. Those surfaces were then used to create tentorium structures in the finite-element mesh. This procedure is demonstrated in Fig. 3(a) -(e). The quality of the segmentation was assessed visually by overlaying the tentorium points on the gadoliunium enhanced images as shown in Fig. 3 (g). These overlays suggest that the overall patient-specific segmentation of the tentorium is representative for modeling purposes.
C. Computational Model and Atlas Generation
The biphasic model proposed by Paulsen et al. was used to model the shift deformations [28] . The model was set up similar to that described in Dumpuri et al. [19] and the details are provided here for completeness. The equations of biphasic consolidation are as follows:
The term u is the displacement vector, p is the interstitial pressure, G is the shear modulus, ν is the Poisson's ratio, α is the ratio of fluid volume extracted to volume change of the tissue under compression, ρ t is the tissue density, ρ f is the fluid density, g is the gravitational unit vector, t is the time, k c is the capillary permeability, p c is the intracapillary pressure, and k is the hydraulic conductivity. The material properties were similar to the ones used in Dumpuri et al. [19] and are listed in Table IV in the Appendix.
The collection of deformations computed using different driving conditions for the model is termed an atlas. The atlas was constructed for two kinds of deformation: deformation caused by gravity and deformation caused by mannitol, a hyperosmolar drug administered prior to surgery to reduce intracranial pressure. The boundary conditions used for building the atlases are described in [20] . For the aforementioned two deformation types, three different displacement boundary conditions were used--fixed, stress free, and slippage. The brainstem experiences no deformation and is assigned fixed Dirichlet boundary conditions. The highest region on the head, according to the head orientation, is designated to be stress free. All other nodes on the boundary, including the internal boundaries (the dural septa), are assigned slip boundary conditions, that is, they cannot move in the normal direction, but movement in the tangential direction is permitted. The demarcation between the stress free and slippage region is done according to the head orientation, the demarcating plane is perpendicular to the direction of gravity, and level is set empirically. The pressure boundary conditions were set by the presumed level to which cerebrospinal fluid has drained during the procedure. With respect to our methods, multiple fluid drainage levels are included as part of the deformation atlas strategy described by Dumpuri et al. in [20] . The nodes exposed Workflow is broadly divided into preoperative and intraoperative phases. Most time intensive steps are done in the preoperative phase, i.e., image segmentation and mesh construction. Boundary conditions for each deformation type and generation of model solutions to form the atlas are also done preoperatively. Some representative displacement boundary conditions are shown-with blue region being the fixed brainstem, red represents the stress free region, and green the slippage boundary conditions. Dural septa (not shown in the figure) are included in the model by assigning them the slippage boundary condition. Intraoperative phase consists of sparse data collection (laser range scans), registration of those scans to image space and obtaining measured shift through homologous points on the pre-and postresection scans. In the last step, those measurements are used to fit the displacement atlas using an inverse model to obtain the final model updated results.
to atmospheric pressure are set as a Dirichlet boundary condition and the nodes submerged in fluid are subject to Neumann boundary conditions, i.e., nondraining surfaces. In order to build the atlas, for each patient, 60 different head orientations were used (three of which are represented in the columns of Fig. 4) . Since the entire head is draped except for the craniotomy region, it makes it challenging to ascertain the exact head orientation. An approximation of the head orientation can be obtained from the surgeon's preoperative plan. From that base orientation, vectors can be populated around that base orientation to deal with the various changes to OR patient configuration (e.g., in our experience, the surgeon can often elect to change bed tilt and even roll during a case). Tissue resection was simulated by decoupling nodes belonging to tumor material type. For the gravity deformations, three different fluid drainage levels were used, counting for mesh with and without tumor resection, resulting in 360 solutions. For mannitol-induced deformations, three different capillary permeability values were used with the 60 head orientations, also resulting in 360 different solutions in the atlas. This resulted in a combined atlas with 720 gravity and mannitol concatenated solutions. In addition, the deformations were further investigated with the construction of two atlases for shift compensation use, one that contained the dural septa and one that did not.
D. Inverse Model
Although this is a retrospective study, all the atlas construction work listed aforementioned would be part of the preoperative planning and would be performed prior to surgery. Intraoperatively, the atlas that was built prior to surgery would be used to solve the inverse model, driven by sparse data, i.e., LRS data collected during surgery. Since model solutions are performed preoperatively, the intraoperative compensation is very fast and takes into account the variability within the OR (e.g., uncertain cerebrospinal fluid (CSF) drainage levels, varying head orientations as a patient's bed is rotated, etc.). For the correction process, two LRS scans need to be acquired: one after opening of the dura and another one after shift has occurred. The scanner is tracked during the acquisition of the textured point clouds, and hence, the two scans can easily be registered in the same physical space. These two surfaces are registered to the preoperative MR images using constrained surface mutual information algorithm discussed in Cao et al. [15] . The schematic of the entire process is shown in Fig. 4 . Homologous points are then selected on both the LRS surfaces and these sparse displacements are used to drive the inverse model as described later.
The displacement solutions computed earlier are compiled into an atlas. Since the true deformation over the entire domain is unknown, only sparse comparisons can be evaluated. An inverse solution is obtained by the minimization of least-squared error between the predictions and the measurements. However, this would result in an ill-posed problem since the number of atlas solutions far exceeds the number of sparse homologous points. This can be resolved by constraining the problem as done in [29] , resulting in the following equation:
The atlas matrix M consists of 3n s rows and m columns. Here, "n s " is the number of sparse points or previously computed homologous points on the LRS surfaces, where the deformation is known from tracking the pre-and postresection LRS, with each point having a displacement solution in the Cartesian x, y, and z directions. u sparse is a 3n s vector of those measured displacements.
This method is different than what was reported by Dumpuri et al. in [20] where no constraints were applied. The first constraint ensures that all the weighting coefficients are positive. Hence, if a solution in an atlas deforms in the incorrect direction, the objective function would weigh that solution lower instead of assigning a higher negative regression coefficient. The second constraint prevents the solutions from being extrapolated, which can cause inaccuracies in the predicted displacements in the far field. The implementation of the method of Lagrange multipliers in the optimization toolbox of MATLAB (Mathworks Inc.) was used to solve this linear optimization problem. This is in contrast to the Dumpuri et al. technique which used a Tikhonovlike regularization approach. While the analysis by Dumpuri et al. using pre-and post-MR data did not reflect far-field inaccuracies in the displacements, this was not found to be the case when using the larger and more considerable dynamic shift data from the intraoperative environment.
III. RESULTS
Shift was measured across seven cases through homologously selected points on registered pre-and postresection LRS images. The average and maximum magnitude of measured shifts for each of the patients at the homologous points are listed in Table II . For completeness, the measurements of shift as provided by the pre-and post-MR study by the Dumpuri et al. study [20] are provided for reference.
Percentage shift correction was measured using the formulation listed in [19] .
In (4), shift error is the error in measured and estimated points. The average shift correction for the mesh without the inclusion of the dural septa is 68 ± 17% and for the mesh with the septa is 75 ± 12%. In order to determine if there was a statistically significant difference in the shift corrections predicted by using the mesh with or without the dural septa, paired testing was performed. The expected value and variance were unknown due to the small sample size; hence, the Lilliefors test was used to determine whether the distribution was normal [30] . The test supported the hypothesis that the intraoperative data for both the models, with and without the dural septa, followed a normal distribution (p > 0.05) and hence the student t-test was used for the paired comparison. The results of the student t-test indicated that there was no statistical difference (p > 0.05) between the reconstructed atlas solutions for the mesh with or without dural septa.
For completeness, the shift recoveries obtained from the preand postoperative MR analysis [20] are also shown in Fig. 5 [20] . That analysis was unavailable for patients 3 and 7. for the corresponding patients. That data was available for five of the seven cases. The average shift correction across the five cases was 85 ± 1%. It is evident that larger shift recovery was obtained with the post-operative MR data as compared to the intraoperative data. The variance amongst cases was also smaller for the post-operative MR data.
Patients 1 and 3 in Fig. 5 were noteworthy for the large difference in shift correction between the septa and septa-free models and the smallest shift correction overall, respectively. These two patient cases are discussed in greater detail. Whereas the average difference in percent shift correction in the remaining six patient cases for the mesh with and without the dural septa was 5 ± 3%, the difference in shift correction for the Patient 1 was 28%. The average error in magnitude for the measurement points for the mesh without dural septa was 11.5 ± 4.9 mm and for the mesh with the septa was 5.4 ± 3.9 mm. The average angular error was 21.0 ± 11.4
• and 7.1 ± 6.2 • , respectively. The measurement vectors and the predicted vectors for the two models are shown in Fig. 6 . Though deformation magnitudes (as opposed to the magnitude of the error vector) were similar for both cases, the angular error was much larger for the mesh without dural septa.
Patient 3 had the lowest overall shift correction. The average error in magnitude for the measurement points for the mesh without septa was 3.4 ± 1.9 mm and for the mesh with septa was 3.1 ± 2.2 mm. The average angular error was 31.9 ± 24.9
• (maximum of 96.0
• ) and 25.3 ± 24.8
• (maximum of 85.2 • ), respectively. Fig. 7(a) shows the overlay of the undeformed mesh with the postresection LRS surface and the measured displacement vectors on the selected points. The tumor was located in the parietal lobe and the patient was in prone position in the OR, with their head tilted approximately 45
• to the dorsalventral axis. The selected points for shift measurement could be divided into three distinct clusters (marked I, II, and III in the figure) based on their location and direction of movement. All three clusters were moving toward the center of the resection hole. In the plane that it is being viewed, region I points slide along the falx, region II points move downwards toward the bottom of the plane, and region III almost moves inward into the plane. Fig. 7(b) shows the predicted vectors for the concatenated atlas for the mesh without septa and Fig. 7(c) shows the same for the mesh with septa. The movement toward the center of the hole was not well modeled with the current boundary conditions and is focus of future work. The average angular and magnitude error for each of the regions for both models are summarized in Table III .
In general, in both cases, angular error is highest for region III. The applied forces (pressure gradients or gravity) to the model pull the tissue downward while the resection forces pull the tissue inward. The latter effect is not captured well by the model. There is no statistical difference in the angular error for regions II and III (p > 0.05). However, region I points have considerably less angular error for the mesh with the dural septa than the one without (p < 0.05). Region I points are most proximal to the falx, and the sliding along the falx plane is captured by the mesh where the falx is accounted for in the model. A slice of the model-deformed image for each model for Patients 1 and 3 is shown in Fig. 8 . Fig. 8(a) and (b) shows the mesh without and with the septa, respectively, for Patient 1. The hyperintense regions in the center of the image represent the sinus enclosed in the falx cerebri. For the mesh without the septa, there is considerable movement in the position of the falx, whereas the midline remains steady for the mesh with the septa. The overall subsurface shift prediction for the mesh with and without the dural septa is noticeably different for this case. Fig. 8(c) and (d) shows the images updated with the inverse solution for both models, respectively, for Patient 3. Similar to Patient 1, movement is seen along the midline region along falx and the tentorium in the mesh without the septa whereas those regions do not move as much where the dural septa were modeled. The movement in the midline is greater for Patient 1 without dural septa than for Patient 3 without septa because the overall shift is much higher. During surgery, the vicinity of the tumor would be the region of greatest interest for the surgeon and accuracy of the guidance system in that region would be most critical. To examine the difference in subsurface shift caused by the introduction of dural septa in the model, color-coded vector differences in the shift predictions of the tumor boundaries for the two models are shown in Fig. 9 . Each row shows two different views for a different patient datasetPatient 2 in the top row and Patient 4 in the bottom row. As seen in Patient 2, the subsurface differences can be as large as 9 mm. As is the case for comparison presented in Fig. 8 , the difference in the magnitude of shift prediction is higher when overall measured shift was larger. Also, in each case, the largest magnitude of difference in shift prediction is seen at the bottom of the tumor cavity, away from the brain surface.
IV. DISCUSSION
The fidelity of an intraoperative guidance system in neurosurgery is compromised due to shift in the OR caused by various factors such as gravity, hyperosmolar drugs, and edema. A considerable body of work in the literature has focused on solving this problem through intraoperative imaging or updating preoperative images with mathematical models. This paper builds upon the earlier work of Dumpuri et al. [19] , [20] , where an atlas of solutions was used in order to compensate for the inherent uncertainty in the OR. That work was validated using postoperative MR scans and this study explores some differences between postoperative and intraoperative data. A novel model employing the two major dural membranes-falx cerebri and tentorium cerebelli-was described and systematically studied in this paper. No statistical difference was observed in the overall surface shift correction when comparing the results for the mesh with and without the dural septa. However, when the dural septa are accounted for in the model, the subsurface deformations are in greater compliance with the observations made in the previous literature. This point while subtle is quite important. The results of our statistical test comparing percent surface correction in Fig. 5 indicate that the fitting process with or without the septa is statistically the same. This does not state that difference in subsurface shift is negligible, in fact quite the contrary in light of Fig. 9 . This emphasizes that for our hypothesis to be true, in practice, accurate modeling is important. Based on the literature, Maurer et al. [21] observed that the deformation was very small in the midline, tentorial, and contralateral hemisphere regions, and Ferrant et al. [8] noted that the largest errors in model predictions were seen in the midline region. Our dural septa models are consistent with these findings. The lack of intraoperative MR data makes it difficult to perform a more quantitative comparison of the subsurface shift across all cases. However, the analyses presented in Fig. 7(b) and (c) and Table III as well as the qualitative results presented in Fig. 9 strongly support the need to account for the septa in the model. Some interesting differences were observed between the postoperative MR results reported by Dumpuri et al. [20] and the intraoperative results presented in this paper. Dumpuri et al. reported an average shift correction of 85% across eight patient cases (ranging from 83% to 89%). In this work, the average shift correction across seven patient cases was 75% (ranging from 53 to 90%) for the mesh with dural septa. The reason for better shift correction in postoperative MR analysis could be the nature of the data. The postoperative MR images were acquired a day or two after surgery and some shift recovery occurred during that period and thus the measured shift magnitudes presented were smaller when compared to the intraoperative measurements presented in this paper. This can be seen by comparing the magnitude of the measured shift for intraoperative LRS data and postoperative MR data in Table II that demonstrates recovery ranges between 35% and 65%. The correlation between measured deformation magnitude and shift correction was to some extent observed within the intraoperative data as well. The inclusion of dural septa in the model has a larger impact on the predicted results if the observed shift was larger. For instance, in Fig. 8 , there was a more dramatic movement along the midsagittal region in the case with the larger measured shift. In Fig. 9 , the difference in predicted shift was larger between the model with and without the dural septa for the case with larger measured shift as well. The intraoperative data also reflect more dynamic interactions such as tissue resection. The postoperative data might yield better results because they do not have the irregularities caused by local effects nor the considerably larger extent of shift. The cases with the best shift correction had the smallest variation within the measurement vectors, i.e., they were of similar magnitude, moving uniformly in one direction. Patient 3 had a large variability and performed poorly with shift correction whereas Patient 4 had a smaller variability in measurements and performed quite well with the shift prediction. The results presented suggest that more considerable resection holes affect the angular variability of shift and provide impetus for a more accurate tissue resection model. Our current strategy to simulate tissue resection involves decoupling the tumor nodes in the mesh to reproduce the effect of cavity collapse. However, qualitative results such as those presented in Table III and Fig. 7 indicate the need for a better strategy. In our future work, we plan to explore other strategies to better account for resection forces.
Another interesting difference between the postoperative data and the intraoperative data is the contributions from various mechanisms in the atlas. The concatenated atlas in the work of Dumpuri et al. was formed from three different atlases: 1) tumor being resected and gravity alone causing the shift; 2) tumor being resected and mannitol alone causing the shift; and 3) tumor being present and having a swelling effect, and the rest of the brain parenchyma under the effect of mannitol. The contribution of these atlases to the overall solution was 45%, 46%, and 9%, respectively, with similar distributions being observed across all patients. For the intraoperative data reconstructions presented here, the averaged distributions of the weighting coefficients between the gravity and mannitol solutions across all solutions are 16 and 84%, respectively. Fig. 10 is an example from three patients. For four of the seven cases, the mannitol solutions exclusively contributed to the reconstructed solution. For two cases, mannitol solutions were the major contributors and for the last case, gravity was the major contributor. Intraoperatively, while more variability is illustrated, the reconstructed solutions weigh the mannitol solutions more in six of the seven cases than the analysis in [20] . In addition, the magnitude of the regression coefficients was comparatively smaller in the gravity atlas. In the OR environment, various forces--gravity, mannitol, edema, tissue resection-act concurrently on the brain and it is difficult to sequester the contribution of each of these forces individually. In some respect, the results presented here agree with intuition. Given that mannitol is administered just prior to opening the dura in significant dosages to decompress the brain, shortly thereafter, tissue manipulation occurs to visualize the tumor, and generation of a resection hole and possible collapsing of surrounding tissue then follows, it is not surprising that mannitol plays a more considerable role in the regression coefficients, and that the variability in these coefficients across patients is much more distributed. The Dumpuri et al. study also reported a contribution from mannitol but not to the degree this study does. In this study, the magnitude of deformations intraoperatively could just not be matched by a model experiencing CSF drainage only. This could be due to the manner in which it is modeled but the results of a more pronounced reliance on mannitol-based regression coefficients for the intraopertive environment are consistent with surgical practice and would seem to speak to its influence in the reconstruction.
V. CONCLUSION
A retrospective study of correcting brain shift using sparse intraoperative LRS data to drive a finite-element model-based atlas was presented in this paper. The method corrects for an average of 75% of the brain shift caused by various factors in the OR. While intraoperative MR imaging was not available, the results were consistent with a pre-and post-MR validation study conducted previously. When comparisons to a previous study were made, it was found that the intraoperative data contained far more dynamic interactions such as collapse due to tissue resection and considerably larger deformation. It was found that guiding shift compensation with surface data only requires a model that incorporates neuroanatomical subsurface structures such as the dural septa. Lastly, to our knowledge, the apparent need for the modeling of hyperosmotic drugs to account for intraoperative shift is a unique finding by our team. These results were found within the pre-and post-MR analysis by Dumpuri et al. and are further confirmed here for the intraoperative environment.
APPENDIX
The material properties in (1) and (2) are listed as following. 
